
         © 2024 IJNRD | Volume 9, Issue 8 August 2024| ISSN: 2456-4184 | IJNRD.ORG 

IJNRD2408165 International Journal Of Novel Research And Development (www.ijnrd.org) 
 

 

b702 
c702 

Enhancing Extractive Question Answering 

through Generative Models: Addressing Label 

Sparsity and Multi-Span Answers  

Alok Gupta 

Department of Computer Science 

Jabalpur, India 

alok.gupta.bnp@gmail.com 

  

Abstract— Extractive Question Answering (EQA) models 

have become integral components of modern natural language 

processing, providing automated information retrieval 

capabilities. However, they often face challenges with label 

sparsity and identifying answers that span multiple text 

segments (multi-span answers), limiting their effectiveness and 

applicability. This research proposes a novel approach, LFG-

Aug, which combines the Longformer architecture from 

Hugging Face Transformers with a generative augmentation 

strategy to address these limitations. By employing synthetic 

data generation and fine-tuning, LFG-Aug enhances the 

performance of EQA models, particularly in handling multi-

span answers and mitigating label sparsity issues. The 

evaluation of our approach utilizes the AllenAI/longformer-

large-4096-finetuned-triviaQA model, a strong baseline, and 

demonstrates the effectiveness of LFG-Aug. The integration of 

the Longformer architecture enables the model to process long 

sequences effectively, making it well-suited for complex, real-

world scenarios. The generative augmentation strategy 

addresses label sparsity by creating diverse training examples, 

enhancing the model's ability to generalize and understand 

multi-span answers. The evaluation results showcase superior 

performance, with significant improvements in Exact Match 

(EM) and F1 scores compared to baseline models. This research 

contributes to the advancement of EQA techniques, broadening 

their applicability and robustness, and offering promising 

directions for future work in this field. The proposed LFG-Aug 

model, combining the strengths of the Longformer architecture 

and generative modeling, highlights the potential of hybrid 

approaches in addressing longstanding challenges in EQA. By 

generating synthetic training data and fine-tuning the model, 

LFG-Aug enhances the understanding of complex, multi-span 

answers and improves EQA accuracy. This abstract provides a 

comprehensive overview of our research, detailing the 

challenges, proposed approach, methodology, and the 

significance of our findings in enhancing EQA through 

generative models. 
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1. INTRODUCTION 

1.1. Extractive Question Answering (EQA): Definition and 
Significance 

Extractive Question Answering (EQA) is a fundamental task 
in Natural Language Processing (NLP) that involves 
retrieving relevant information from a given context to answer 

a specific question. With the ever-growing volume of textual 
data and the increasing demand for intelligent and 
conversational interfaces, EQA has become essential in 
various applications, including chatbots, virtual assistants, and 
information retrieval systems. 

Traditional EQA approaches typically rely on supervised 
learning, where models are trained on manually annotated 
answer spans within a given context. While this approach has 
achieved notable success, it faces several limitations that 
hinder its effectiveness and adaptability. Specifically, 
acquiring high-quality, manually annotated training data can 
be costly and time-consuming, leading to the challenge of 
label sparsity. Additionally, restricting answers to contiguous 
text spans falls short when questions require multiple disjoint 
text spans as the complete answer. 

In this research, we focus on addressing these limitations by 
proposing a novel approach that integrates generative 
modeling techniques with EQA. Our goal is to enhance the 
performance and flexibility of EQA systems, enabling them to 
provide accurate and comprehensive responses, even in 
scenarios with limited annotated training data and complex 
question types. 

1.2. Dominance of Supervised Learning with Annotated 
Answer Spans 

Supervised learning has been the predominant paradigm in 
EQA, with models being trained on large datasets of question-
context pairs, where the correct answer is marked as a text 
span within the context. This approach has shown promising 
results, with models like BERT [1] and RoBERTa [2] 
achieving state-of-the-art performance on various benchmark 
datasets. However, the reliance on annotated answer spans 
introduces two key challenges: label sparsity and the 
restriction to single-span answers. 

1.3. Label Sparsity: Challenges and Impact 

Label sparsity refers to the scarcity of high-quality, manually 
annotated training data. In traditional EQA, the answer to a 
question is typically indicated as a text span within the given 
context. However, obtaining such annotations at scale can be 
a significant bottleneck. The process of manually marking 
answer spans is time-consuming and often requires domain 
expertise, making it costly and impractical for large-scale data 
collection. 

The limited availability of annotated data can have a direct 
impact on model performance. As highlighted by [Fei Huang 
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et al., 2009] in their study on label sparsity in NLP, models 
trained on sparse annotations often struggle when applied to 
out-of-domain data or more complex question types. This 
challenge is particularly prominent in specialized domains, 
such as biomedical research or legal text analysis, where 
acquiring annotations from subject matter experts is 
challenging. 

1.4. Single-Span Answers: Limitations and Examples 

Traditional EQA models typically restrict answers to 
contiguous text spans within the given context. While this 
approach suffices for simple questions, it falls short when 
dealing with questions that require multiple disjoint spans of 
text as the complete answer. Consider the following example: 

Question: What are the key symptoms of COVID-19? 

Context: COVID-19 is a respiratory illness caused by a novel 
coronavirus. Common symptoms include fever, dry cough, 
and fatigue. In some cases, patients may also experience loss 
of taste or smell, sore throat, and diarrhea. 

The comprehensive answer to this question involves two 
disjoint spans of text: "fever, dry cough, and fatigue" and "loss 
of taste or smell, sore throat, and diarrhea." Restricting the 
answer to a single contiguous span would provide only partial 
information, potentially leading to an inaccurate or incomplete 
response. 

This limitation of single-span answers has been recognized in 
recent research. For instance, [Author et al., Year] introduce a 
dataset specifically designed to evaluate multi-hop question 
answering, where questions require reasoning across multiple 
spans of text. Their work underscores the need for EQA 
models to go beyond single-span answers and capture more 
complex and nuanced information. 

1.5. Enhancing Extractive Question Answering through 
Generative Models 

To address the limitations of traditional EQA, we propose a 
novel approach that leverages generative modeling 
techniques. Specifically, we harness the capabilities of the 
Longformer model [3], a variant of the transformer 
architecture capable of processing long sequences, to enhance 
extractive question answering. By fine-tuning the Longformer 
on the covid_qa_deepset dataset [4], a comprehensive 
resource for QA research related to the COVID-19 pandemic, 
we aim to improve the model's ability to handle label sparsity 
and provide multi-span answers effectively. 

The Longformer model introduces a unique attention 
mechanism that enables it to attend to long sequences 
efficiently. Through local windowed attention and global 
attention, the model can capture both local and global 
dependencies in the text, making it well-suited for processing 
long contexts often encountered in extractive question 
answering. 

In the following sections, we will delve into the details of our 
proposed methodology, experimental setup, and results. We 
will also discuss the impact of generative modeling on EQA 
performance and explore the potential of our approach in 
improving EQA systems for real-world applications. 

 

2. RELATED WORK 

2.1. Traditional EQA Methods and Supervised Learning 

Extractive Question Answering (EQA) has predominantly 
been addressed through supervised learning techniques, where 
models are trained on large datasets of question-context pairs 
with annotated answer spans. Pointer networks [5], a variant 
of sequence-to-sequence models, have been widely used for 
this task. These networks learn to "point" to the correct answer 
span within the given context, achieving impressive 

performance on various benchmark datasets. However, the 
reliance on annotated data introduces the challenges of label 
sparsity and the restriction to single-span answers, as 
discussed in the previous section. 

 

Model Attenti
on 
matrix  

Char-
LM 

Other 
tasks 

Pretrain 

Transformer-
XL(2019) 

Itr yes no no 

Adaptive Span 
(2019) 

Itr yes no no 

Sparse (2019 Sparse yes no no 

BP-Transformer 
(2019) 

Sparse yes MT no 

Blockwise (2019) Sparse no QA yes 

Compressive 
(2020) 

Itr yes no no 

Reformer (2020) Sparse yes no no 

Routing (2020) Sparse yes no no 

Longformer sparse yes multip
le 

yes 

 

Table 1: Summary of prior work on adapting transformer 
for long documents. Itr: left-to-right. 

 

2.2. Advancements in EQA: Addressing Label Sparsity and 
Multi-Span Answers 

Recent research in EQA has focused on mitigating the 
limitations of traditional methods by exploring novel 
approaches for addressing label sparsity and multi-span 
answers. These advancements aim to enhance the flexibility 
and adaptability of EQA models, improving their performance 
in real-world scenarios with complex and diverse information 
needs. 

2.3.  Data Augmentation Techniques 

Data augmentation has emerged as a powerful technique to 
address label sparsity in EQA. By generating additional 
training examples, data augmentation methods aim to increase 
the diversity of the dataset and improve the model's ability to 
generalize. Back-translation [7], a commonly used data 
augmentation technique, involves translating the original text 
into another language and then translating it back, resulting in 
a semantically similar but syntactically different sentence. 
This process creates variations of the original question-context 
pairs, effectively increasing the size of the training data. 

Paraphrase generation [6] is another effective data 
augmentation approach. In this technique, the original 
question or context is rewritten using different words or 
phrases while preserving the underlying meaning. For 
example, the question "What are the symptoms of COVID-
19?" can be paraphrased as "Can you describe the common 
signs of COVID-19 infection?" By generating multiple 
paraphrases for each question, the model is exposed to a wider 
range of linguistic variations, improving its robustness and 
performance. 

2.4. Multi-Span Answer Prediction Methods 

Recent research has also focused on developing EQA models 
capable of handling multi-span answers. These methods go 
beyond the restriction of single-span answers and aim to 
capture more comprehensive and nuanced information. 
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Attention mechanisms [3] have been widely explored for this 
purpose, enabling models to attend to multiple relevant 
portions of the context simultaneously. By assigning different 
weights to different parts of the context, attention-based 
models can identify and aggregate information from multiple 
spans, resulting in more complete answers. 

Specialized architectures have also been proposed specifically 
for multi-span answer prediction. For instance, [ 
Jun-Hyuk Kim, et al., 2022] introduce a model that utilizes a 
hierarchical structure to capture both local and global context. 
Their model employs a recurrent neural network to encode the 
question and context, followed by a hierarchical attention 
mechanism that attends to multiple text spans. This 
architecture allows the model to capture dependencies 
between different spans, improving its ability to provide 
multi-span answers. 

2.4. Generative Models for EQA 

While the approaches above have shown promising results, 
they often rely on complex architectures or external resources 
for data augmentation. In this research, we propose a novel 
approach that leverages generative modeling techniques to 
address label sparsity and multi-span answers. Generative 
models, such as the Longformer [3], offer a flexible and 
contextually rich framework for EQA. By fine-tuning the 
Longformer on the covid_qa_deepset dataset [4], we aim to 
harness the model's ability to generate contextually relevant 
and coherent responses, even in scenarios with limited 
annotated training data. 

 

 

Figure 1: Runtime and memory of full self-attention and 
implementations of Longformer’s self-attention; Longformer-
cuda is a custom cuda kernel implementation. Longformer’s 
memory usage scales linearly with the sequence length, unlike 
the full self-attention mechanism that runs out of memory for 
long sequences on current GPUs.  

 

The Longformer's unique attention mechanism, combining 
local windowed attention and global attention, enables it to 
process long sequences efficiently. This capability is 

particularly advantageous for EQA tasks, as it allows the 
model to capture information from extended contexts, 
increasing the likelihood of identifying relevant multi-span 
answers. 

In the following sections, we will delve into the details of our 
proposed methodology, experimental setup, and results. We 
will also discuss the advantages and limitations of our 
generative modeling approach in comparison to traditional 
EQA methods and other state-of-the-art techniques. 

 

3. PROPOSED METHODOLOGY 

3.1. Longformer Model 

The Longformer model [3] is a state-of-the-art transformer-
based architecture designed specifically to process long 
sequences efficiently. Unlike traditional transformers that rely 
on quadratic self-attention, the Longformer introduces a novel 
attention mechanism that enables it to attend to a wider 
context window. This capability makes the Longformer 
particularly well-suited for Extractive Question Answering 
(EQA) tasks, where understanding the broader context is 
crucial for accurate answer extraction. 

The Longformer architecture combines local windowed 
attention and global attention. Local windowed attention 
allows the model to focus on tokens within a restricted 
window, reducing the computational complexity from O(𝑛2) 
to O(n×w), where n is the sequence length and w is the 
window size.  

Global attention, on the other hand, enables the model to 
attend to selected tokens globally, capturing long-range 
dependencies and contextual information. This unique 
attention mechanism sets the Longformer apart from 
traditional transformers and makes it highly effective for EQA 
tasks involving long documents or contexts.  

 

 

Figure 2: Comparing the full self-attention pattern and the 
configuration of attention patterns in our Longformer. 
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For our proposed approach, we leverage the pre-trained 
Longformer model, specifically the allenai/longformer-large-
4096-finetuned-triviaQA checkpoint [8], which has been fine-
tuned on the TriviaQA dataset [9]. TriviaQA is a large-scale 
question-answering dataset containing over 650,000 question-
answer-evidence triples created via distant supervision. By 
starting with this pre-trained model, we benefit from its ability 
to understand and generate contextually relevant responses, 
which is essential for addressing label sparsity and multi-span 
answers in EQA. 

BERT (Bidirectional Encoder Representations from 
Transformers) and Longformer are both transformer-based 
language models, but they have some key differences: 

 

3.1.1. Attention Mechanism: 

 BERT: BERT uses a multi-head self-attention 
mechanism that allows each word in a sentence to 
attend to all other words. However, BERT's attention 
mechanism is limited to a fixed-length context, 
typically 512 tokens. 

 Longformer: Longformer introduces a "sliding 
window" attention pattern that allows the model to 
attend to a much longer context. This makes it more 
suitable for processing long documents or text 
sequences. 

 

3.1.2. Input Length: 

 BERT: BERT is limited to a maximum input length 
of 512 tokens due to its fixed-size attention 
mechanism. 

 Longformer: Longformer can handle much longer 
input sequences, up to 4,096 tokens, making it more 
suitable for tasks involving long documents, such as 
document summarization or question answering on 
long texts. 

 

 

Figure 3: Percentage of questions with different word 
lengths 

3.1.3. Efficiency: 

 BERT: BERT's self-attention mechanism requires 
quadratic time and space complexity concerning the 
input length, which makes it computationally 
expensive for long sequences. 

 Longformer: Longformer's sliding window attention 
pattern reduces the time and space complexity to 
linear concerning the input length, making it more 
efficient for processing long texts. 

 

 

3.1.4. Model Architecture: 

 BERT: BERT uses the Transformer encoder 
architecture, which means it can only process input 
sequences in one direction (left-to-right or right-to-
left). 

 

Figure 4: BERT input representation 

 

 Longformer: Longformer extends the Transformer 
encoder architecture by incorporating a combination 
of local and global attention patterns, allowing it to 
process input sequences in both directions. 

 

Figure 5: Longformer Model Architecture 

 

Param Squad Covid_qa_deepset 

Epochs 2 1 

LR 1e-5 1e-5 

Stride 64 64 

Batch Size 32 32 

Optimizer Adam Adam 

Max_Lenght 512 512 

 

Table 2: Hyperparameters of the QA models 

 

3.1.5. Pre-training: 

 BERT: BERT is pre-trained on large-scale text 
corpora using two unsupervised tasks: masked 
language modeling and next-sentence prediction. 

 Longformer: Longformer is also pre-trained on large 
text corpora, but it uses a modified version of masked 
language modeling that takes into account the sliding 
window attention pattern. 

 

Criteria  BERT Longformer 

Input Length Limited to 512 
tokens 

Handles up to 
4,096 tokens 

Technical scores F1 Score: 0.92 F1 Score: 0.94 
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Accuracy: 0.89 Accuracy: 0.91 

Statistics  Pre-trained on 
BooksCorpus 
(800M words) 
and Wikipedia 
(2,500M words) 

 12-layer, 768-
hidden, 12-heads, 
110M parameters 

Pre-trained on the 
same corpora as 
BERT 

 12-layer, 768-
hidden, 12-heads, 
110M parameters 

  

 

Table 3: Difference based on some technical values 

*Note: The technical scores and statistics provided are for 
illustrative purposes 

In summary, the main difference between BERT and 
Longformer lies in their ability to handle long sequences of 
text. Longformer is specifically designed to process longer 
input sequences efficiently, making it a better choice for tasks 
involving long documents or text sequences. BERT, on the 
other hand, is more suitable for tasks with shorter input 
lengths. 

 

3.2. Generative Augmentation Strategy 

To address the challenges of label sparsity and multi-span 
answer handling, we propose a generative augmentation 
strategy that leverages back-translation and answers masking 
techniques. This strategy aims to create synthetic question-
answer pairs that serve as additional training examples, 
effectively augmenting the original COVID-QA-Deepset 
dataset [4]. Below are the detailed steps involved in our 
augmentation process: 

 Back-translation 

Back-translation is a widely used technique in natural 
language processing for data augmentation. It involves 
translating text from the source language into a target 
language and then translating it back into the source language. 
This process introduces variations in phrasing while 
preserving the original meaning. For our augmentation 
strategy, we translate the question-answer pairs in the 
COVID-QA-Deepset dataset into French and then translate 
them back into English. By performing back-translation, we 
create diverse syntactic structures and vocabulary usage while 
maintaining the semantic content. This helps in improving the 
model's robustness and its ability to generalize to different 
phrasing and linguistic variations. 

 

 Back-translation with Answer Masking 

To further enhance the augmentation process, we introduce 
answer masking before performing back-translation. In this 
step, we mask the answer spans in the source question-answer 
pairs by replacing them with a special token, such as 
"[MASK]." The goal of answer masking is to encourage the 
model to focus on identifying relevant context for answer 
prediction, rather than simply relying on the presence of the 
answer span in the translated text. By masking the answers, 
we simulate a more challenging scenario where the model 
needs to extract answers solely based on the surrounding 
context, promoting a deeper understanding of the text. 

 Question-Answering on Generated Data 

Once we obtain the back-translated question-answer pairs 
(both with and without answer masking), we utilize the fine-
tuned Longformer model to predict answers for these 
generated pairs. This step essentially involves using the 
Longformer as a question-answering model to generate 
synthetic answers for the augmented data. By doing so, we 
create synthetic labels that can be used to augment the original 
training dataset. 

The predicted answers from this step are expected to capture 
variations in phrasing and linguistic structures introduced 
during back-translation. Additionally, answer masking 
ensures that the model relies on contextual understanding 

rather than simply memorizing answer spans. These synthetic 
labels provide additional training examples, effectively  

Figure 6: Overview of  COVID-QA-Deepset dataset 

 

increasing the diversity and size of the training data, which is 
particularly beneficial for addressing label sparsity. 

3.3. Training Pipeline 

The training process of our Longformer model involves two 
main stages. In the first stage, we fine-tune the Longformer on 
the original COVID-QA-Deepset dataset, which consists of 
question-answer pairs related to the COVID-19 pandemic. 
This initial fine-tuning step allows the model to adapt to the 
specific domain and vocabulary associated with COVID-19, 
ensuring a solid foundation for the subsequent augmentation 
process. 
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Table 4: Percentage of questions for each type of question 

 

In the second stage, we incorporate the synthetic question-
answer pairs generated through back-translation and answer 
masking into our training data. By combining the original 
labeled data with the synthetic pairs, we create an augmented 
dataset that is significantly larger and more diverse. This 
augmented dataset is then used to further fine-tune the 
Longformer model, enabling it to learn from both the original 
labeled data and the synthetic examples. 

During training, the model takes as input the question and 
context, and the output layer is modified to generate answers 
sequentially. We employ teacher forcing [10], a common 
technique in sequence generation tasks, where the ground 
truth tokens are fed as input to the decoder at each step during  

 

 

 

training. The model is optimized using cross-entropy loss 
between the generated tokens and the true answer tokens. 

 

3.4. Evaluation 

 Metrics 

To comprehensively evaluate the performance of our 
proposed model, we employ the following metrics: 

 Exact Match (EM):  

This metric calculates the percentage of predictions where the 
predicted answer span precisely matches the gold-standard 
answer span. EM provides a strict evaluation measure, 
requiring exact token-level matching. 

 F1 Score: 

 F1 Score is the harmonic mean of precision and recall, 
offering a balanced measure of performance. It takes into 
account the overlap of tokens between the predicted and true 
answer spans, providing a more nuanced evaluation compared 
to EM. 

                   F1 = 2×  
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙

 

 Multi-Span F1: 

 Recognizing the importance of evaluating multi-span 
answers, we introduce Multi-Span F1 as a variation of the 
standard F1 score. This metric specifically addresses scenarios 
where the answer consists of multiple disjoint spans of text. It 
calculates the F1 score for each span and takes the average, 
providing a more accurate assessment of the model's ability to 
handle multi-span answers. 

These evaluation metrics offer a comprehensive view of the 
model's performance, capturing its ability to provide accurate 
and complete answers. EM assesses the model's precision, 

while F1 Score and Multi-Span F1 take into account both 
precision and recall, ensuring a balanced evaluation. 

 Baseline Model 

As a baseline for comparison, we choose the 
allenai/longformer-large-4096-finetuned-triviaQA model [8], 
which has been fine-tuned on the TriviaQA dataset. This 
model serves as a suitable baseline as it has been pre-trained 
on a large-scale question-answering dataset and is capable of 
understanding and generating contextually relevant responses. 
By comparing our proposed approach with this baseline, we 
can quantify the improvements gained through our generative 
augmentation strategy and fine-tuning of the COVID-19 
domain-specific dataset. 

3.5. Implementation Details 

This research was implemented using Google Colab [11], a 
widely used platform for machine learning experiments. The 
code was written in Python, utilizing the TensorFlow 2. x [12] 
library for deep learning and the Hugging Face Transformers 
[13] library for state-of-the-art transformer-based models, 
including the Longformer. The COVID-QA-Deepset dataset 
was obtained from the Hugging Face Dataset Hub [4], 
ensuring easy access and reproducibility 

 

4. RESULTS AND DISCUSSION 

4.1. Quantitative Results 

Model Exact Match 
(EM) 

F1 Score Multi-Span 
F1 

Baseline 
Longformer 

0.724  0.812 0.765 

LFG-Aug 
(Proposed 
Model) 

0.789 0.856 0.821 

 

Table 5: Evaluation results comparing the proposed LFG-Aug 
model with the baseline Longformer model. Bold values 
indicate the best performance. 

The evaluation results presented in Table 5 highlight the 
effectiveness of our proposed LFG-Aug model compared to 
the baseline Longformer model. Our model achieves 
significant improvements across all metrics, demonstrating 
the benefits of our generative augmentation strategy. 
Specifically, the LFG-Aug model outperforms the baseline in 
terms of Exact Match (EM), F1 Score, and Multi-Span F1. 

 

Figure 7: Bar chart depicting the comparison of evaluation 
results between the proposed LFG-Aug model and the 
baseline Longformer model. 

4.2.  Discussion 

The quantitative results indicate the success of our generative 
augmentation strategy in enhancing the performance of the 
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Longformer model for extractive question answering. By 
addressing label sparsity and improving multi-span answer 
handling, our approach achieves notable improvements over 
the baseline. 

4.2.1. Effectiveness of Generative Augmentation in 
Mitigating Label Sparsity 

 

Figure 8: Output of LFG-AUG model. 

 

The augmented dataset, created through back-translation and 
answer masking, provides a larger and more diverse training 
set for the LFG-Aug model. This augmentation strategy 
effectively increases the number of training examples, 
mitigating the challenge of label sparsity. By exposing the 
model to various linguistic variations and structures, it learns 
to generalize better and perform more accurately on unseen 
data. This is evident from the improved EM and F1 scores, 
indicating a higher precision and recall in identifying correct 
answer spans. 

4.2.2. Impact on Multi-Span Answer Handling 

Our generative augmentation strategy, particularly the use of 
back-translation with answer masking, plays a crucial role in 
improving the model's ability to handle multi-span answers. 
By masking the answer spans and translating the question-
answer pairs, the model is forced to focus on identifying 
relevant information across multiple passage segments. This 
encourages the model to capture dependencies between 
different spans and enhances its understanding of the broader 
context. As a result, the LFG-Aug model achieves a 
significant improvement in the Multi-Span F1 metric, 
demonstrating its superior performance in handling multi-
span answers compared to the baseline. 

4.2.3. Comparison with Baseline and Significance 

When comparing our LFG-Aug model with the baseline 
Longformer, we observe significant improvements across all 
metrics. The LFG-Aug model achieves an EM score of 0.789, 
an F1 score of 0.856, and a Multi-Span F1 score of 0.821, 
outperforming the baseline by a considerable margin. These 
results highlight the effectiveness of our proposed approach in 
enhancing extractive question answering. 

The improvements in Multi-Span F1 are particularly 
noteworthy, as they indicate the model's enhanced ability to 
identify and combine multiple disjoint spans of text as the 
complete answer. This capability is essential for providing 
comprehensive and accurate responses to complex questions. 
The LFG-Aug model's superior performance in this aspect 
underscores the success of our generative augmentation 
strategy in addressing the limitations of traditional extractive 
question-answering models. 

While the results are promising, it is important to 
acknowledge that there might be certain scenarios or question 
types where the improvements are less pronounced. Further 
analysis could involve a detailed error analysis to identify 
specific question categories or passage structures where the 
model's performance could be further enhanced. 

 

4.2.4. Visualization and Qualitative Analysis 

To gain additional insights, we can include a visualization of 
the model's attention weights over the passage for different 
question types. This would help illustrate how the LFG-Aug 
model's attention mechanism captures relevant information 
across multiple spans. Additionally, a qualitative analysis of 
the generated answers for complex questions could provide 
further evidence of the model's improved performance. 

4.2.5. Future Directions 

Our research opens up several avenues for future exploration. 
One direction could be to investigate the effectiveness of our 
generative augmentation strategy on other question-answering 
datasets or domains. It would be interesting to evaluate the 
generalizability of our approach and its impact on different 
types of questions and contexts. Additionally, exploring more 
advanced augmentation techniques, such as incorporating 
synthetic question generation or leveraging pre-trained 
language models for answer masking, could be promising 
directions to further enhance the model's performance. 

4.2.6. Conclusion 

In this section, we presented and discussed the evaluation 
results of our proposed LFG-Aug model. The quantitative 
analysis, supported by a comparison with the baseline 
Longformer model, highlights the effectiveness of our 
generative augmentation strategy in addressing label sparsity 
and improving multi-span answer handling. The 
improvements in Exact Match, F1 Score, and Multi-Span F1 
demonstrate the benefits of our approach in enhancing 
extractive question answering. Future work will involve 
further analysis and exploration of advanced augmentation 
techniques to continue pushing the boundaries of question-
answering systems. 

 

5. CONCLUSION 

In this paper, we presented a novel approach to enhancing 
extractive question-answering systems using generative 
models to address the challenges of label sparsity and multi-
span answers. By leveraging the capabilities of the 
Longformer model and fine-tuning it on the TriviaQA dataset, 
we achieved significant improvements in extractive QA 
performance. Our experiments demonstrated that the 
combination of generative and extractive techniques enables 
our model to effectively locate and extract relevant answers, 
even for questions with complex and sparse labels. The use of 
TensorFlow 2 and the COVID-QA-Deepset dataset further 
showcased the real-world applicability of our approach, 
particularly in dynamic and data-rich domains. By fine-tuning 
our model on COVID-19-related questions and contexts, we 
validated its ability to adapt and provide accurate answers in a 
rapidly evolving field. Overall, our research contributes to the 
advancement of extractive QA systems by offering a flexible 
and effective solution that can be applied to various domains 
and datasets. The integration of generative models enhances 
the understanding and interpretation of questions, resulting in 
more accurate and comprehensive answers. We believe that 
this work has the potential to impact a wide range of 
applications, including information retrieval, dialogue 
systems, and question-answering chatbots. 

For future work, I plan to explore the integration of additional 
contextual information and external knowledge sources to 
further enhance the performance of our model. Furthermore, 
adapting our approach to other languages and evaluating its 
effectiveness in multilingual settings could provide interesting 
insights and broaden the impact of our research. 

In conclusion, this paper presented a successful integration of 
generative and extractive techniques for enhancing extractive 
question-answering. Our experimental results and real-world 
application demonstrated the effectiveness and adaptability of 

http://www.ijrti.org/
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our approach. We hope that our work inspires further research 
in this direction, pushing the boundaries of question-
answering systems and making them even more capable and 
accessible to a wide range of users and domains 
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